Raster maps are widely available in the everyday life, and can contain a huge amount of information of any kind using labels, pictograms, or color code e.g. However, it is not an easy task to extract roads from those maps due to those overlapping features. In this paper, we focus on an automated method to extract roads by using linear features detection to search for seed points having a high probability to belong to roads. Those linear features are lines of pixels of homogenous color in each direction around each pixel. After that, the seeds are then expanded before choosing to keep or to discard the extracted element. Because this method is not mainly based on color segmentation, it is also suitable for handwritten maps for example. The experimental results demonstrate that in most cases our method gives results similar to usual methods without needing any previous data or user input, but do need some knowledge on the target maps; and does work with handwritten maps if drawn following some basic rules whereas usual methods fail.
Introduction
Raster maps are the most common tool used for conveying geographic data. They are a universal way of communication which don't depend so much on the language used, or the culture of the cartographer; even if there are many ways to represent a mountain, or local rules about making the map north-facing or not, the essence of the map is still understandable.
Tourism maps and handwritten maps -contemporary or historical -can contain very specific information hard to find somewhere else. However, those raster maps have some drawbacks; they are only a snapshot frozen in time that cannot evolve. Moreover, they don't enable any user interactions and it is not always easy to find ones position on raster maps compared to Global Positioning System.
In order to benefit from the information specific to raster maps without being badly affected by their drawbacks, we need to improve those maps. Because we want to recognize a map, we need to rely on the data common to most of the maps; that would be the road network. Two different maps of the same area coming from different providers or from different time usually contains the same roads or at least for the major ones.
The main difficulties we are facing in road network extraction from raster maps are the following: • Raster maps usually contain a lot of information disturbing the road recognition such as street names, icons, topologic lines etc. There are some examples of those overlapping features in Fig. 1 .
• Another source of noise is the quality of the different pictures is really variable depending on their originphotography or scanned map -and also on the quality of the tool used.
• We cannot assume anything about the color used while we want to get a tool as adaptive as possible. Furthermore, in handwritten maps the road and background are usually in the same color.
Related Works
To extract features from raster maps, some research relies on color segmentation whether in RGB, HSV or in grayscale space. Khotanzad et al. in [6] utilize color segmentation with user input to extract contour lines in USGS topographic maps. Henderson et al. in [7] have a method using a preset color index to produce a set of rules for classification of the pixels. Or later, Chiang et al. in [1] are also using a color segmentation followed by K-mean algorithm to reduce the number of different colors to 15. Then, there is a manual step where the user has to select the road color layers by clicking on them. Another example of semi automated solution based on color could be Cao et al. [2] who use a preset grayscale threshold in order to detect the background of raster maps. The first drawback of color segmentation-based method appears if the road color is also the background color, which appears in some maps and also in hand written maps. Furthermore, choosing an arbitrary number of colors isn't reliable enough to assume this will work with a random map.
Some other works utilize different separation like Luo et al. [8] who try to separate roads and text labels in simCopyright c 2012 The Institute of Electronics, Information and Communication Engineers ple maps. Or Hai et al. in [9] who separate pixels into three possible groups: road, non-road and noise regions. Noise regions include texts, symbols etc. that overlap with both road and non-road region. Chen et al. in [12] interpret images of Chinese land register maps using character recognition to extract text, and line detection.
Chiang et al. in [3] aim to learning different kind of maps -Google maps, Yahoo maps, Live maps for example. From a set of maps, they learn to classify maps using luminance-boundary histograms. After that, they can input maps provided by the map providers they learnt to recognize and extract the roads.
However, tourism maps which are used for sightseeing are very different one from another and use unique features; those cannot be learnt. We want a road extraction method that would also work on tourism maps and handwritten ones.
In this paper, we will present an automated method to extract roads from raster map without any previous knowledge about the colors or user input. One of the final goals is to be able to analyze a photographed map with a mobile phone in order to locate it and use this map with GPS data. Our method will first reduce the overall number of color in the raster map by using a mean shift algorithm. Then, a search of linear features in every direction around each pixel will be used to have a first probability for every pixel to belong to the background or to the road. The pixels with the highest probability to belong to road are used as seed points to extract them. Finally, by processing on color histograms, we will identify main road colors and background colors to retrieve some undetected pieces of road.
Method
The input data is a picture of a printed map taken by a camera or a scanner. From the input image, we want to recognize and extract road pixels. Our method, as explained in the flow chart Fig. 2 , consists first in reducing the noise in the raster map. Then, detecting the linear features to create a probability map for every pixel to belong to a road or not. The selected pixels are used as seed points to build and grow the road network. Finally, with color histograms we can add discarded inliers and remove selected outliers to refine the results. Every part of the method will be explained in more details in the following subsections.
Color Reduction
As we have already mentioned, due to the many different sources of raster maps, we cannot have a precise knowledge of the quality of the picture we will have to analyze. To try and reduce the noise in the picture colors, the first idea would be to use a Gaussian or median filter. However, such filters imply a substantial loss of information about the position of the roads and their edges.
That is why our choice heads to mean shift method [10] . That reduces the overall number of colors without changing drastically the data. We set it with a 3 pixel radius; i.e. all pixels within this radius around the considered pixel that have a distance below 20 in the RGB color space are selected and get the same color as the this pixel.
Linear Feature Detection
To find the roads from input raster maps, we will quantify the pixels with the greatest probability to belong to the roads. Then those points will be used as seeds for road extraction. In order to classify the pixels around the seed points, we will evaluate if a pixel belongs to road or background. In our case, the width of the roads in the input raster maps is around 4 to 20 pixels. We will consider the 30 different possible directions of line in a 15x15 region of interest around every pixel; Figure 3 gives some examples of those lines. For each pixel of the picture, if we find a line where all the pixels have almost the same color -those points are supposed to have the same color in the original image file, but the noise coming from the printing and scanning pro- 
Fig. 4 (a): Example of input map (Google map in that case). (b):
Output of the linear filters after histogram scaling; that picture will be used to find pixels having great probability to belong to road or background areas. The brightest pixels are very likely to belong to the background, pixels in the middle of the roads should be a little darker and the side or the roads should be black. cess makes us consider the pixels having a distance of 20 in RGB space from the first pixel -then we will call it a linear feature in that direction; for each linear feature around the considered pixel we increment by 1 the associated value. The output of that process is a picture in which the number of linear features found -that have a minimum value of 0 and maximum value of 28 -are represented by the gray level, as shown in Fig. 4 .
We chose to have a filter size of 15x15 because the average road width is around 7 pixels. In a perfect portion of straight road we will find around 7 linear features, and around 14 linear features in a perfect intersection. On the other hand a background area will contain the maximum value; 28 linear features. A filter of a slightly higher size could give similar results but would greatly increase the computational cost.
By looking at Fig. 4 , the human brain can guess some pieces of roads and uniform background areas and the next step is to make the computer find those elements. That is why we have to classify those points before performing the seeded region growing.
Seed Point Selection
The seed points we want to be able to select are pixels which have the greatest chance to belong to a road. We would expect the homogeneity degree functions of the direction around the pixel to look like the graph shown in Fig. 5 (a) and 5 (b) respectively for roads and intersections with a peak for each direction the road is taking. But in fact, the different noises are disturbing the detection, and most of the time the graph would look like Fig. 5 (c) . That is why we only use the number of linear features around the pixel, and we don't use the number of peaks. The seed points selection will be only based on that number of linear features we find at each pixel.
As shown in Fig. 6 (a), pixels with low to mid valuesbelow 15 -the pixels have almost the same probability to belong to the roads or the background. Those pixels might be text elements, pictograms, winding roads, or even areas where the detection is disturbed by high noise. There are no particular treatments for those points while the value we retrieve is not conclusive at all.
Concerning pixels with a high number of linear features have a great probability to belong to the background; in fact, that means all the pixels in that 15x15 area have homogenous color. In general, when the number of linear features is greater than 19, we have more than 95% chance to be considering a background pixel.
We set the threshold value to 20 (just like in Sect. 3.2 this threshold is here to cope with the noise from the acquisition process), and all the pixels having their intensity above that threshold in the number of linear features picture are used as seed points for the background. We use seeded region growing method to retrieve the background area.
The region seeded growing consists of growing the background elements from the seed using spacial proximity -pixels 4-connected in our case -and color proximity -pixels having a distance lower than 30 distance in RGB space using the 1-norm as in Eq. (1).
Every pixel fitting the conditions in added as background elements and is in turn used as a seed.
After that selection, we can redraw Fig. 6 (a) by only considering the points not yet considered as background and the result is 6 (b). From that figure, we can notice that the pixels having a value between 10 and 15 have around 70%-80% probability to belong to road. That is why we will use those points as seed for a region seeded growing for the roads. At this point, we have already retrieved an interesting amount of pieces of road area -see Fig. 7 -separated one from the other because of the noise. But some parts of road are not extracted for two main reasons:
• Too small pieces of road -between the different words of the road name e.g. -or winding roads are more difficult to locate with this technique.
• Some roads are "too big" and huge crossing could be confused with background areas are automatically discarded at the end of that part of the extraction process.
To add those part of road network that we cannot neglect -especially the main roads with important crossings that are sometimes miss-detected as background elements -we will now use the color of the selected pixel on one hand and of the discarded ones on the other hand.
Color Histogram Treatment
Two color histograms are created in order to retrieve some undetected road pixels. The first one contains potential "road pixels" colors and their respective number of occurrence. The other one is created using the output of 3.2 -the pixels having a great chance to belong to background because of a very high density of linear features surrounding them -and is also filled with pixels colors and number of occurrence.
From the histogram containing all the "background" pixels data we want to get a list of probable background colors. Each color present in the "background colors" histogram regrouping more than "threshold 1" of all the pixels in the picture are considered as potential background color. The same method is then applied to the first histogram to retrieve all the potential road colors.
Before using color segmentation to improve the results, we want to deal with the colors that might belong to both potential background and road colors. If that is the case we consider that if more than "threshold 2" of the overall pixels belonging to potential roads are in a background color, then this color belongs to both categories; that color will not be included in the segmentation process. Otherwise, we empirically get the best results by discarding the road pixels in that color. This algorithm is summarized in Fig. 9 . The values of "threshold 1" and "threshold 2" have been chosen empirically; using different kinds of mapsGoogle maps, Yahoo maps, Open Street maps, tourism map and handwritten maps -we changed those percentage until getting the best results. Those values are respectively 2% and 5%.
Based on the color classification we get, we eliminate the outliers -the pixels firstly detected ad road pixels but in a background color -and add the undetected inlierspixels in road colors. This part of the method enables us to reduce by around 30% the miss-detection rate as well as the non-detection rate as shown in Fig. 8 .
Results
As we can see in Fig. 12 most of the non-detected road pixels -around 80% -are due to the overlapping features like text labels. In Fig. 10 , we are presenting some examples or results for our proposed method and for K-mean method with different kinds of map. Figures 10 (a), (b) and (c) are the source and the different results with an example of Google map. Figures 10 (d) , (e) and (f) with OpenStreetMap. And for the last examples 10 (g), (h), (i) and (j) are two examples of handwritten maps; we didn't apply the K mean to those maps because color segmentation cannot extract roads for those two examples.
We used our method and another similar to the one presented in [1] -which consists in using mean shift, followed by the K mean method to get 15 different color layers before manually choosing to keep or not each color layers -to compare the results on scanned maps. We will focus on two values to compare the results:
• The correctness: i.e. the percentage of road pixels well detected.
• The completeness: i.e. the percentage of detected pixel that really belong to roads.
We did those comparisons on some low quality scanned printed raster maps and the results are summarized in Fig. 11 .
The results are almost similar in the case of Google maps and Open street map. In the case of tourism maps, we have slightly better correctness and slightly lower completeness with our method.
However, in the case of Yahoo maps, depending on the map we choose, we can have very colorful maps; if it is the case there are too many colors for a K mean with 15 clusters. Because of the lack of clusters, some differentbut close enough -colors happen to be in the same cluster. In most of the cases white roads and light gray background are mixed together, giving really low correctness (the 16% in the table).
For handwritten maps -and more generally raster maps where roads and background are sharing some colors -using a method based on color segmentation totally fails. But thanks to the color check with the histograms that we presented in Sect. 3.4 we can retrieve some of the roads: for example in the case of a simple handwritten map on a white paper where the roads are drawn in black, the background detection will discard a high number of white pixels. After that using the linear feature again to detect the road will give us also some road pixels colored in white. If the white road pixels represent more than 5% of the number of white background colors -if we really have a road in that color, it should be the case considering a threshold of 5% is quite low -then we will conclude that roads and background areas are sharing the white color, and we won't use that colorto remove outliers/add inliers. In the end we still have the roads extracted after the seed point selection.
With most of the tested maps we achieve compara- ble results with our method than with usual method based on color segmentation, but our method do not require any user input or learning phase compared to the other methods. Moreover, roads can be retrieved from handwritten maps with our method. The computation time is higher with our method than only clustering; depending on the size of the raster map it can take up to 2 seconds to analyze it. However, this computation time could be greatly reduced using GPU programming.
Limitations
There are a lot of maps, and many different set of rules are used to create those. Because we want our algorithm to have the best success chances, we did have to choose what kind of map we wanted to analyze, and to lay down some rules. Each rule discards some raster maps.
The 15x15 filter is designed for roads around 7 pixel wide; in case of higher resolution map, we should change the size of the filter to be twice the size of the average road. This preset wasn't an issue in our case because the roads have similar sizes in the maps we were considering.
There are two main way of drawing a road in a raster map. We can use roads made with two parallel lines like in Fig. 13 (b) or single lines as in Fig. 13 (a) . We only considered the first case scenario because nowadays most of the maps are made by following this convention.
Because of the seeded region growing, we need to be sure to have road and background elements really distinct. We need "well formed" roads with a visible element ending them. That is why a map with roads like in Fig. 13 (c) will be discarded. However, even if no line ends the road, if we have a visible border like in Fig. 13 (d) , then the road can be extracted.
In the case of handwritten maps we must particulary be careful with roads like in Fig. 13 (c) ; it is not natural to end roads even if they go on in that direction. Another solution is to make sure the scanned area is designed so that the roads ends on the edge of the picture.
Some rivers can be miss-detected as roads due to their linear shape. However, this is not happening really often because small rivers are most of the time only lines; and bigger ones will be way larger than roads, and considered as background elements. If this was a real problem using some map providers, it could be possible to discard river pixels by assuming they are blue and roads are not -which happens to be true most of the time.
Conclusion
In this paper, we presented a new method of road area extraction from raster maps based on linear feature detection. Because this method is not only based on color segmentation, it is possible to use it on many different kind of maps, including handwritten ones, without needing any previous knowledge about the map -i.e. no learning is necessary and we do not need to rely on user input to be able to extract the roads.
Thanks to this method we can easily and efficiently extract roads from most of the raster maps we can find in everyday life. That is why one of the possible future works from that point would be to try to focus on map recognition and matching using the road network shape an mutual information, or the road intersection position and then using a point cloud matching algorithm like described in [5] , from a database on the intersection coordinates we could identify the position of the raster map and for example add GPS information to it.
In this paper we don't take into account the final shape of the extracted roads. Using the fact that roads are ribbon shaped could be a way to fill the holes due to overlapping elements for example, or to get rid of some miss detected pixels.
Another possibility is to improve the algorithm, and its processing speed -using GPU an optimizing it -to be able to use this technology for augmented maps -printed maps with virtual information added using augmented reality in real time. Using augmented reality we could display an up to date version of the map, or add 3D information.
